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Video broadcasting is an efﬁcient way to deliver video content to multiple receivers. How-
ever, due to heterogeneous channel conditions in MIMO wireless networks, it is challeng-
ing for video broadcasting to map scalable video layers to proper MIMO transmit antennas
to minimize the average overall video transmission distortion. In this paper, we investigate
the channel scheduling problem for broadcasting scalable video content over MIMO wire-
less networks. An adaptive channel scheduling based unequal error protection (UEP) video
broadcasting scheme is proposed. In the scheme, video layers are protected unequally by
being mapped to appropriate antennas, and the average overall distortion of all receivers
is minimized. We formulate this scheme into a non-linear combinatorial optimization
problem. It is not practical to solve the problem by an exhaustive search method with
heavy computational complexity. Instead, an efﬁcient branch-and-bound based channel
scheduling algorithm, named TBCS, is developed. TBCS ﬁnds the global optimal solution
with much lower complexity. The complexity is further reduced by relaxing the termina-
tion condition of TBCS, which produces a (1  e)-optimal solution. Experimental results
demonstrate both the effectiveness and efﬁciency of our proposed scheme and algorithm.
As compared with some existing channel scheduling methods, TBCS improves the quality
of video broadcasting across all receivers signiﬁcantly.
 2013 The Authors. Published by Elsevier B.V. Open access under CC BY license.1. Introduction
The broadcast nature of wireless medium allows a sin-
gle source to simultaneously communicate information
with multiple receivers. However, one major challenge
for wireless broadcasting arises from heterogeneous net-
work conditions of different receivers. Moreover, the
potentially low bandwidth and high bit error rate also be-
come signiﬁcant obstacles for wireless communication
providers to offer high quality multimedia services. Toovercome such obstacles, multi-input multi-output
(MIMO) systems, which have been investigated to simulta-
neously transmit multiple bit streams to achieve high data
rate wireless multimedia communication [1], have
emerged as one of the most prominent techniques. MIMO
channel can be decomposed into a series of independent
SISO subchannels [2], and it is suitable for transmitting
multiple video substreams simultaneously. Meanwhile,
the technology of scalable video coding (SVC) [3,4] enables
media providers to generate a single embedded bitstream,
from which appropriate subsets can be extracted to meet
various requirements of a broad range of users. These con-
ditions inspire us to combine the advanced MIMO and SVC
techniques to improve the video broadcasting perfor-
mance. SVC video consists of layers with different contri-
bution to video quality, which makes it possible be
transmitted with unequal error protection (UEP) [5–7]. In
MIMO unicast, UEP can be easily achieved by mapping
3040 C. Zhou et al. / Computer Networks 57 (2013) 3039–3050video layers to antennas in the order of antenna’s signal to
noise ratio (SNR) strength [6]. However, it is not trivial for
video broadcasting over MIMO wireless networks, and this
has not drawn enough research attention.
Adaptive channel scheduling, which denotes mapping
video layers to proper antennas to improve video transmis-
sion performance, faces great challenges for scalable video
broadcasting over MIMO wireless networks. It mainly
arises from that each transmit antenna corresponds tomul-
tiple receivers with different and independent SNR
strength, and the corresponding SNR strength for each
transmit antenna among multiple receivers forms a vector.
For example, in Fig. 1, antenna At1 is corresponding to three
receivers (At1  User1, At1  User2, At1  User3), whose SNR
strength form the vector1 = [c11,c12,c13]. It is the same for
antenna At2. since sets of vectors cannot be sorted, UEP can-
not be achieved by mapping video layers to antennas in the
order of antenna’s SNR strength as done in MIMO unicast.
Besides, the inter-layer dependencies among SVC video lay-
ers further make the problem challenging.
In this paper, we have studied this problem and pro-
posed a novel adaptive channel scheduling based scalable
video broadcasting scheme, which greatly improve the re-
ceived video quality. By mapping each video layer to cer-
tain transmit antenna, the video layers are protected
unequally and the overall average video quality is im-
proved. Since each antenna faces multiple users with var-
ious network conditions as Fig. 1 shows, and there exists
inter-layer dependencies among SVC video layers, the
channel scheduling problem is a non-linear combinatorial
problem. It can be solved using an exhaustive search
method, which has the highest accuracy level and compu-
tational complexity. In order to reduce the complexity
and make it suitable for practical implementation, a
branch-and-bound framework is adopted to ﬁnd an adap-
tive channel scheduling algorithm. Speciﬁcally, by parti-
tioning the original problem into some simple sub-
problems, we are able to derive the upper and lower
bounds of the average overall video distortion. Then an
efﬁcient branch-and-bound based channel scheduling
algorithm (TBCS) is presented by incorporating these
bounds into the branch-and-bound framework. WithFig. 1. Example of video broadcasting in MIMO wireless networks.bounding and pruning techniques, TBCS ﬁnds the global
optimal solution with much lower complexity than the
exhaustive search method. Moreover, by relaxing termi-
nation conditions of TBCS, the complexity is further re-
duced and a (1  e)-optimal solution is produced.
Through simulations, TBCS is shown to be effective and
efﬁcient. As compared with existing channel scheduling
schemes, the simulation results reveal signiﬁcant perfor-
mance improvements in TBCS.
The main contributions of our work are summarized as:
 We are among the ﬁrst to investigate the channel
scheduling problem for salable video broadcasting over
MIMO wireless networks where video layers are broad-
casted to all users simultaneously over multiple anten-
nas. Different from traditional multiuser problem over
MIMO broadcast channel where different information
is conveyed to different users by multiple transmit
antennas, the antennas are shared by all users who
receive all streams broadcasted over the antennas in
our proposed scheme.
 We formulate it into a non-linear combinatorial optimi-
zation problem, and an efﬁcient channel scheduling
algorithm is proposed by employing the branch-and-
bound framework. Speciﬁcally, by mapping the video
layers to antennas according to the order of antennas’
average PER, we derive the upper bound of the average
overall video transmission distortion. On the other
hand, we transform the channel scheduling problem
to an assignment problem by relaxing some constraints,
and then the lower bound of the average overall video
transmission distortion is derived.
 By relaxing the termination condition of TBCS, a (1  e)-
optimal solution is produced to balance the needs for
the complexity and accuracy of the proposed algorithm.
This paper is organized as follows. We review related
work in Section 2. In Section 3, we describe our proposed
system and formulate the proposed scheme into a non-lin-
ear combinatorial optimization problem. In Section 4, we
propose a branch-and-bound framework to solve the chan-
nel scheduling problem. First, we derive the upper bound
(Section 4.2) and and lower bound (Section 4.3) of the
average overall distortion respectively, then an efﬁcient
branch-and-bound based channel scheduling algorithm is
proposed, which produces the global optimal solution
(Section 4.4). Also, an acceleration mechanism is presented
to further reduce the computational complexity (Sec-
tion 4.5). We show simulation results in Section 5, and con-
clude the paper in Section 6.
2. Related work
In recent years, MIMO systems have emerged as one of
the most prominent techniques [1,8–10] to provide high
data rate wireless communications. Spatial multiplexing
techniques [1,10] have been investigated to simultaneously
transmit independent data in order to achieve high data
rate wireless multimedia communications. For MIMO
broadcast, the capacity region is still an open issue since
broadcast channels are non-degraded generally. But the
Fig. 2. Proposed system diagram.
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are now completely known. Caire and Shamai [11] are the
ﬁrst to give the optimal sum capacity of MIMO broadcast
channel by explicitly maximizing the Dirty Paper [12] low-
er bound andminimizing the Sato’s upper bound [13] in the
case which, as it turns out, is equal. But its computational
complexity is high and it is hard to be extended to more
general cases [14]. Yang [15] extends the channel schedul-
ing scheme fromunicastMIMO network tomulticastMIMO
network. In [16], dynamic resource allocation is studied to
maximize system’s capacity, and a low complexity subopti-
mal algorithm is proposed for practical implementation.
Literature [17] investigates multi-resolution broadcast sys-
tems for WCDMA cellular mobile networks, including
MIMO technology. However, all of these previous works fo-
cus on maximizing system’s capacity and belong to parallel
transmission (PT) [18] MIMO. In PTMIMO, all the content is
treated equally and it is not suitable for video communica-
tion, since video content generally contains bits with differ-
ent importance, and needs to be protected unequally when
transmitted over error-prone wireless networks. In unicast,
UEP in MIMO can be easily achieved by mapping video lay-
ers to multiple transmit antennas in the order of antenna’s
signal to noise ratio (SNR) strength [6]. While in MIMO
broadcast networks, it becomes challenging. This is mainly
because that each transmit antenna corresponds to multi-
ple end users, and the SNR strength of each transmit anten-
na forms a vector as Fig. 1 shows.
The idea of scalable video for multiuser communica-
tions is well-known. Without loss of generality, multiuser
MIMO is used to convey different information to different
users by multiple transmit antennas. In [19], the authors
propose a video broadcasting scheme via pre-coding and
SNR-Scalable video coding. By packet extraction and pre-
coding, users will receive different quality of videos. There
are some other research works on multiuser MIMO [20–
22]. However, we differ from them in several major ways.
For the purpose of clarity, we take [19] as example to com-
pare our proposed scheme with these works. First, by the
pre-coding matrix which is consist of some orthogonal
sub-matrices, the antennas are divided into some indepen-
dent groups and each user will only receive the stream
transmitted by a certain group of antennas in [19]. In our
proposed scheme, each user will receive the streams trans-
mitted over all antennas. Therefore, this kind of multiuser
video transmission schemes have great limitation in the
number of users that the number of transmit antennas is
no smaller than the sum of all users receive antennas as as-
sumed in [19]. We have no such limitation on both the
number of users and number of antennas since all users
multiplex the same transmit antennas. At last, in [19],
some streams are transmitted multiple times at the trans-
mitter side which wastes bandwidth and power resource,
for example, the base layer must transmitted in each group
of antennas for each user. While in our proposed scheme,
each video layer is only mapped to a certain antenna and
broadcasted to all users.
Very few UEP schemes have been proposed for broad-
casting scalable video over MIMOwireless networks where
multiple antennas have been sufﬁciently multiplexed for
broadcasting multiple streams to all users concurrently.In [23], UEP is achieved by using diversity embedded space
time codes (DESTC), which provides UEP to different video
layers, thereby delivering high quality video to users with
good network conditions while still providing acceptable
quality to users with poor network conditions. But the
authors assume that all receivers employ single receive an-
tenna, which greatly simpliﬁes the problem. Moreover,
DESTC is not ﬂexible enough to adapt to the complex net-
work environment because it add different amount of
redundancy to different streams without considering the
instantaneous channel conditions. A novel JSCC framework
for scalable video transmission has been proposed in [24],
in which power allocation, channel coding and modulation
are jointly optimized to achieve UEP and improve the sys-
tem performance. The computational complexity is very
high and it is not suitable for practical implementation.
In [25], UEP is achieved for scalable video broadcasting
over cooperative wireless networks through power alloca-
tion. However, all of these previous works treat transmit
antennas equally and neglect their various qualities. In
fact, the qualities of transmit antennas are time-varying,
and video transmission performance can be greatly im-
proved by mapping video layers to antennas properly.
To the best of our knowledge, none of previous research
work considers achieving UEP for scalable MIMO video
broadcasting through channel scheduling. In this paper,
we investigate this problem, and an adaptive channel
scheduling based video broadcasting scheme is proposed.
We formulate this scheme into a non-linear combinatorial
problem. By adopting the branch-and-bound framework,
an effective and efﬁcient low-complexity channel schedul-
ing algorithm is proposed.
3. Problem formulation
In this section, the proposed system architecture is de-
scribed at ﬁrst. Then we formulate the adaptive channel
scheduling based scalable video broadcasting scheme into
a non-linear combinatorial optimization problem.
3.1. System description
Fig. 2 shows the block diagram of our proposed system,
where all transmitter and receivers are equipped with
multiple antennas. Here we only show one receiver for
the purpose of clarity, and all receivers have the same sig-
nal processing diagrams. At the transmitter side, the input
video sequence is encoded to generate multiple video
layers by H.264/SVC [3,4]. Combining with the feedback
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deo layers are periodically switched among multiple trans-
mit antennas using our proposed TBCS algorithm. Then the
video layers are broadcasted to all receivers simulta-
neously. At the receiver side, each receiver needs to esti-
mate the post-processing SNR strength of each transmit
antenna and send it back to the transmitter by employing
pilot symbols [26]. The transmitted video sequences are
reconstructed after demodulation and channel decoding.
Without loss of generality, it is commonly assumed that
the channel is block fading [27], i.e., the channel remains
constant over some consecutive symbol periods (deter-
mined by the coherence time) and then changes in an inde-
pendent fashion to a new realization. The above video
broadcasting system can be treated as K virtual MIMO uni-
cast systems except that all receivers have the same trans-
mitter, and K is the total number of receivers [28]. Then, for
each virtual MIMO system with Mt transmit antennas and
Mr receive antennas over ﬂat-fading channel, the system
equation between the transmitter and kth receiver is
yk ¼
ﬃﬃﬃﬃﬃﬃ
Es
Mt
s
Hkxþ fk ð1Þ
whereHk is the complex channel matrix between the trans-
mitter and kth receiver with size Mr Mt,x is the Mt  1
transmittedsignalvector,yk is theMr  1receivedsignalvec-
tor atkth receiver, fk is theMr  1noisevectorwithelements
distributedaccording toCN ð0;N0Þ, andEs is the total average
energyavailableat thetransmitteroverasymbolperiodhav-
ing removed losses due to propagation and shadowing.
The channel matrix Hk is estimated by existing estima-
tion methods such as maximum-likelihood (ML) and min-
imum mean-squared error (MMSE) techniques discussed
in [26] at kth (1 6 k 6 K) receiver. More details of channel
estimation can also refer to literature [6]. The transmitted
signals are detected by linear ZF (zero-forcing) receivers,
which are much more practically attractive than non-lin-
ear receivers due to their low complexity. Then, the post-
processing SNR strength of ith transmit antenna for kth re-
ceiver, cik, is obtained as
cik ¼
Es
MtN0 H
H
kHk
h i1
ii
ð2Þ
where []ii denotes ith diagonal entry of the matrix inside
the square bracket, and HH denotes the Hermitian of H.
In this work, we focus on exploiting the potential UEP
ability of channel scheduling for scalable video broadcast-
ing over MIMO system. To eliminate the effect of channel
coding and modulation, which can also achieve UEP, we
ﬁx the modulation level and channel coding rate for all vi-
deo layers. In fact, our proposed channel scheduling meth-
od can be incorporated with these methods to further
improve the system performance, one of the incorporation
examples is our previous JSCC work [29]. Speciﬁcally, M-
QAM and RS (N,m) are used for modulation and channel
coding, where N is block size, and m is the number of
source bits in each block. Then, combining with the feed-
back SNR strength in Eq. (2), we can easily derive the blockerror rate bik(i 6Mt,k 6 K) between transmit antenna i and
receiver k as follows:
bik ¼ 1
XNm
j¼0
N
j
 
qjikð1 qikÞðNjÞ ð3Þ
where qik 
ﬃﬃﬃﬃﬃﬃﬃ
M1
pﬃﬃﬃ
M
p
log2
ﬃﬃﬃ
M
p erfc
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
3cik
2ðM1Þ
q 
is the bit error rate
(BER) between ith transmit antenna and kth receiver, and
erfc () is the complementary error function.
3.2. Problem formulation
Suppose the transmitter is equipped with Mt antennas,
user k is equipped with Mkr antennas, and the video se-
quence is encoded into L layers. Generally, each video layer
is broadcasted over one transmit antenna or dropped at the
transmitter side due to the data-rate constraints. We de-
ﬁne ALMt ¼ faijg as channel scheduling matrix to denote
the mapping relationship between video layers and trans-
mit antennas, and its entries aij 2 {0,1}. Let aij = 1 if ith vi-
deo layer is transmitted over jth transmit antenna, or
aij = 0 otherwise. Then, we have
XMt
j¼1
aij 6 1 ð4Þ
when
PMt
j¼1aij ¼ 1, it denotes video layer i is mapped to one
of the antennas, and
PMt
j¼1aij ¼ 0 denotes video layer i is
mapped to no antenna and dropped at the transmitter side.
Then, we derive the video layer’s PER matrix PLK = {Pjk} as
a function of matrix ALMt as follows:
Pik ¼
XMt
j¼1
ðaijbjkÞ if
XMt
j¼1
aij ¼ 1
1 if
XMt
j¼1
aij ¼ 0
8>>><
>>>:
ð5Þ
where Pik denotes the ith video layer’s PER for user k, bik is
the block error rate between ith transmit antenna and re-
ceiver k and it is given in Eq. (3).
We employed the quality model proposed in [30] to
estimate the end-to-end video transmission distortion in
our work. According to [30], the video quality (PSNR) after
decoding all the ﬁrst n layers is given as
~dnðqnÞ ¼ dnð ~m; qnÞ ¼ b1log10 ~mnð Þs þ 1
   qnþb2 ð6Þ
where b1 and b2 are model parameters, the value of s de-
pends on the frame type, and qn is the value of quantization
parameter (QP) for layer n. More details about this can re-
fer to literature [30] and the references therein. Then, the
weight of each video layer is written as:
wi ¼
~d1ðq1Þ if i ¼ 1
~diðqiÞ  ~di1ðqi1Þ if iP 2
(
ð7Þ
For the purpose of clarity, we omit the subscript of ma-
trixes A and P in the following of the paper. Now, we get
the end-to-end video transmission distortion DkðPðAÞÞ for
user k:
DkðPðAÞÞ ¼
XL
i¼1
wi 1
Yi
j¼1
ð1 PjkÞ
 !
ð8Þ
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DðPðAÞÞ ¼ 1
K
XK
k¼1
DkðPðAÞÞ ð9Þ
Moreover, we can also get the video bit-rate for each vi-
deo layer according to literature [30] and we denote ri as
the video bit-rate of layer i. Under the assumption that
RS (N,m) is used for channel coding, video layer i would
consume the data-rate of r0i for transmission with
r0i ¼ ri
N
m
ð10Þ
We assume the data-rate capacity of antennas i is Ri.
Since a ﬁxed modulation order on all antennas is used,
we have R1 ¼ R2 ¼    ¼ RMt ¼ R. Then, the proposed adap-
tive channel scheduling based video broadcasting scheme
is formulated as:
fAg ¼ argminfAg DðPðAÞÞ
subject to
XL
i¼1
r0iaij 6 R; 8j 6 Mt
XMt
j¼1
aij 6 1; 8i 6 L
aij ¼ f0;1g; 8i 6 L; j 6 Mt
ð11Þ
The above optimization problem aims to minimize the
average overall video transmission distortion through
adaptive channel scheduling, i.e., selecting the optimal ma-
trix A⁄. However, due to the heterogeneous network condi-
tions of different receivers and inter-layer dependencies
among SVC video layers, solving this problem is challeng-
ing. Exhaustive search method ﬁnds the optimal solution
by searching the whole solution space, whose size is MLt .
Its computational complexity increases heavily with the
number of transmit antennas and video layers, and it is
not suitable for practical implementation.
4. Branch-and-bound based adaptive channel
scheduling
In this section, we adopt the branch-and-bound frame-
work to solve above channel scheduling problem, and an
efﬁcient branch-and-bound based channel scheduling
algorithm is proposed. We ﬁrst brieﬂy describe how to
adopt the branch-and-bound framework into channel
scheduling. Then, the upper and lower bounds of the aver-
age overall distortion for each subproblem are derived in
detail. At last, we present TBCS to solve the optimization
problem in Eq. (11).
4.1. Branch-and-bound based channel scheduling
Branch-and-bound is an iterative method for solving
optimization problems, especially for discrete and combi-
natorial problems. A branch-and-bound procedure has
two components. The ﬁrst one, which is called branching,
is to partition a problem into subproblems. The procedure
is repeated recursively to each of the subproblems and all
produced subproblems naturally form a tree structure, i.e.,the branch-and-bound tree. Its nodes are the constructed
subproblems. The leaves of the tree are also call the Prob-
lem List. The other component is bounding, which is a fast
way of ﬁnding upper and lower bounds for the optimal
solution for each subproblem.
The core of this approach is an observation that, for a
minimization problem, if the lower bound for a subprob-
lem s2 is higher than the upper bound for any other sub-
problem s1, s2 and the branch rooted at s2 can be safely
discarded from the tree, thus the computational complex-
ity can be reduced. This procedure is called pruning. Be-
sides, for each iterative, the subproblem with the
smallest lower bound is selected and further partitioned.
The algorithm terminates when the lower bound is equal
to the upper bound.
In our proposed adaptive channel scheduling based vi-
deo broadcasting scheme, we partition the problem into
subproblems by selecting available transmit antennas for
the video layers orderly, i.e., we ﬁrst select a transmit an-
tenna for the base layer, then for the ﬁrst enhancement
layer, and so on. When computing the upper and lower
bounds of the average distortion for the nodes in the dth
layer of the branch-and-bound tree, we only need to com-
pute the bounds for the remaining L  d video layers. This
is because all the ﬁrst d video layers have been mapped to
certain antennas, and their corresponding distortion is
determined.
In order to reduce the iterations, pruning procedure is
used to discard nodes from the tree. The key of pruning is
to obtain the bounds for each node. For our proposed min-
imization problem, any feasible solution can be treated as
the upper bound. On the other hand, an lower bound is
found by solving a relaxed problem. The details of deriving
these bounds are presented in Section 4.2 and Section 4.3
respectively.
Before presenting how to derive the upper and lower
bounds, we present Proposition 1 as follows, which servers
as an intuition to develop the distortion bounds.
Proposition 1. In unicast, when the scalable video layers
are mapped to multiple transmit antennas according to the
order of PER (the base layer is transmitted over the antenna
with the smallest PER, the ﬁrst enhancement layer is
transmitted over the antenna with the second smallest PER,
and so on), the minimum video transmission distortion is
obtained.
The proof is given in Appendix A. h
4.2. Upper bound
The objective of above optimization problem is to min-
imize the average overall video transmission distortion by
selecting the optimal channel scheduling matrix A⁄. For
this proposed minimization problem, any matrix that sat-
isﬁes the constraints described in Eq. (11) is a feasible solu-
tion, and its corresponding average overall distortion is an
upper bound. Though it is very easy to ﬁnd such matrixes,
it is not trivial to ﬁnd an appropriate matrix which obtains
a tight upper bound. This is very crucial for reducing the
number of iterations.
3044 C. Zhou et al. / Computer Networks 57 (2013) 3039–3050In Proposition 1, we show that the optimal matrix A⁄
can be easily obtained according to the order of antenna’s
PER in MIMO unicast. The proposition also denotes that the
principle of channel scheduling is to map important video
layers to antennas with better channel quality (low PER).
MIMO broadcast channel is a vector channel, i.e., each
transmit antenna corresponds to multiple receivers, and
the corresponding PER forms a vector. Since sets of vectors
cannot be sorted, it is hard to determine which antenna
has the best or worst channel quality. In order to ﬁnd a fea-
sible solution providing a tight upper bound, average PER
of each transmit antenna is adopted to denote its channel
quality in TBCS. Then, the channel scheduling problem is
similar to that in unicast. It is worth to noticing that more
than one video layers may be mapped to the same antenna
when the data-rate constraints are satisﬁed, thus we can-
not simply map the video layers to transmit antennas in
the order of their average PER according to Proposition 1.
However, the intuition of mapping video layers to anten-
nas behind Proposition 1 is that from the lowest layer to
the highest layer, we map video layer i to antenna j when
it has lowest average PER and its remaining available data-
rate is no smaller than the required rate r0i. Then, the
remaining available data-rate of antenna j is updated by
subtracting r0i. This process is iterated until all video layers
have been mapped to appropriate antennas or there is no
antennas whose remaining available data-rate satisﬁes the
data-rate constraints. Though the solution is not optimal,
its performance is much better than random channel
scheduling, and a much tighter upper bound is obtained.
We denotes Pavgi as the average PER of ith antenna, then
we have
Pavgi ¼
1
K
XK
k¼1
bik ð12Þ
For nodes in dth layer of the branch-and-bound tree,
each of the ﬁrst d(1 6 d 6 L) video layers has been mapped
to a certain transmit antenna respectively. This denotes
that the values aij(1 6 i 6 d,1 6 j 6Mt) have been deter-
mined as described in Section 4.1. Then for "d < i 6 L,
1 6 j 6Mt, the value of aij is derived as follows:
aij ¼
1; if Pavgj ¼minðWiÞ
0; otherwise
(
ð13Þ
whereWi is the set of antenna’s average PER, excluding the
antennas whose remaining available data  rate is no smal-
ler than r0i. Until now, we have obtained the values for all
entries in matrix A. According to formula Eqs. (2)–(9), the
upper bound Dupper of the average overall distortion can
be easily derived.
4.3. Lower bound
In order to obtain the lower bound of average overall
distortion, we ﬁrst deﬁne an efﬁciency matrix V = {vij} to
denote video layers’ distortion, and its entry vij denotes
ith video layer’s average distortion among all users when
it is mapped to jth transmit antenna. The entries are
dependent due to the inter-dependence among video lay-
ers. We derive approximate expression of lower boundsfor the entries in V, which have eliminated the dependence
among them. Then, the primal problem is transformed into
a standard assignment problem (AP), and the optimal solu-
tion (minimal total average distortion) of this AP is the pri-
mal problem’s lower bound.
Now, we give details of deriving the lower bound of
average overall distortion. For the nodes in dth layer of
the branch-and-bound tree, the values aij(1 -
6 i 6 d,1 6 j 6Mt) have been determined as described in
the above section. Then we can easily derive Pik(1 -
6 i 6 d,1 6 k 6 K) according to Eq. (5). Now the average
overall distortion of the ﬁrst d video layers is
Dd ¼ 1
K
XK
k¼1
Xd
i¼1
wi 1
Yi
j¼1
ð1 PjkÞ
 !
ð14Þ
Therefore, in order to obtain the lower bound of the
average overall distortion, we only need to derive the low-
er bound of average distortion for the remaining L  d vi-
deo layers. According to the inter-dependence among
video layers, vij is written as
v ij ¼ 1K
XK
k¼1
wi 1
Yi
s¼1
ð1 PskÞ
 !
; 8dþ 1 6 i 6 L ð15Þ
where for user k (1 6 k 6 K), Pik = bjk since ith video layer is
mapped to jth antenna, and Psk(1 6 s 6 d) are constant as
explained in the second paragraph of this sub-section.
Therefore, vij is only depending on Psk(d + 1 6 s 6 i  1).
Now we can write Eq. (15) as
v ij ¼ 1K
XK
k¼1
wi 1
Yd
s¼1
ð1 PskÞ
Yi1
s¼dþ1
ð1 PskÞð1 PikÞ
 !
6 1
K
XK
k¼1
wi 1
Yd
s¼1
ð1 PskÞ
Yi1
s¼dþ1
ð1minðWks;jÞÞð1 bjkÞ
 !
¼ v 0ij ð16Þ
where Wks;j is the set of antenna’s PER for user k, excluding
those whose remaining available data-rate is no smaller
than r0i. When a layer is mapped to a certain antenna, its
remaining available data-rate is updated by the video
layer’s bit-rate including redundancy bit-rate. The intui-
tion of this inequality comes from Proposition 1, and it is
derived by selecting the feasible antenna with smallest
PER for sth (d + 1 6 s 6 i  1) video layer iteratively. More-
over, for any video layer i, when there is no antenna whose
remaining available data-rate is no smaller than r0i, or W
k
s;j is
a null set, it denotes video layer i must be dropped at the
transmitter side. In this case, we simply set v 0ij ¼ wi.
Since v 0ij is a lower bound of vij and it is independent
from each other, the efﬁciency matrix V0 for the assign-
ment problem is written as:
V0 ¼
v 0ðdþ1Þ1 . . . v 0ðdþ1ÞðLdÞ
..
. . .
. ..
.
v 0L1    v 0LðLdÞ
0
BB@
1
CCA ð17Þ
This assignment problemcanbe solvedbyany existing algo-
rithms, such as dynamic programming or recursive iteration
algorithms. Its optimal solution, denoted as DðLdÞ, is the
lower bound of the remaining L  d video layers’ total dis-
C. Zhou et al. / Computer Networks 57 (2013) 3039–3050 3045tortion for the primal problem. Then, we derive the lower
bound of the average overall distortion of all video layers as
Dlower ¼ Dd þDðLdÞ ð18Þ4.4. Adaptive channel scheduling algorithm
We incorporate these bounds into the branch-and-
bound framework, and an efﬁcient branch-and-bound
based channel scheduling algorithm is proposed. Com-
pared with exhaustive search method, TBCS ﬁnds the glo-
bal optimal solution with much lower complexity.
Fig. 3 illustrates the convergence of TBCS as d increase.
For a certain selected node in the branch-and-bound tree, d
denotes both its layer-index in the tree and the number of
video layers that have been assigned antennas for this
node. The ﬁgure shows that when d = L, i.e., the selected
node is a leaf in the branch-and-bound tree, the upper bound
is equal to the lower bound and the algorithm terminates.
The pseudo code for the branch-and-bound based channel
scheduling algorithm is given in Algorithm 1. The algo-
rithm consists of three major components: (i) Partition
component partitions the primal problem into subprob-
lems, (ii) Bounding component derives the upper and low-
er bounds of each subproblem, (iii) Iteration and Pruning
component compares the bounds and delete some sub-
problems to reduce the complexity.
Moreover, we accelerate the convergence of TBCS and
further reduce the complexity by relaxing its termination
condition. The algorithm terminates when the upper bound
reaches 1 + e of the lower bound, i.e., UB  LB = LB  e, and a
(1  e)-optimal solution is produced. The details of this
acceleration mechanism are presented in Section 4.5.
4.5. Enhancement
Instead of terminating the algorithm when the bounds
are equal, we introduce a (1  e)-optimal solution method
to accelerate the convergence of TBCS, i.e., TBCS terminates
when the upper bound reaches 1 + e of the lower bound.
Let the global optimal objective value be G 6 UB, we haveFig. 3. Convergence of TBCS as d increases, and d denotes the number of
video layers that have been mapped to certain antennas.LBP 11þeUBP
1
1þeG ¼ ð1 eþ e2  e3 þ   Þ  ð1 eÞG, for
0 6 e 1. By relaxing the termination condition, we
greatly speed up the convergence of the branch-and-bound
algorithm.
Algorithm 1. Branch-and-bound based channel schedul-
ing algorithm
Initialization:
1: obtain the original problem as Prob 1;
2: optimal solution sol £;
3: problem list S  fProb 1g;
4: upper bound UB 1;
5: lower bound LB 0;
6: feasible antenna set A  f1;2; . . . ;Mtg;
7: layer-index for the selected node in the branch-
and-bound tree d1 0;
8: get the upper bound UB1 and solution A1 as
described in Section 4.2;
9: get the lower bound LB1 as described in
Section 4.3;
10: UB UB1;
11: LB LB1;
Iteration and Pruning:
1: select Prob l with the smallest LBl in S ;
2: LB LBl;
3: if UBl < UB then
4: sol Al;
5: UB UBl;
6: end if
7: if UB 6 (1 + e)LB then
8: stop with solution sol;
9: else
10: remove all Prob k in S with LBk P UB1þe;
11: end if
Partition:
1: for the selected Prob l;
2: while A–£ do
3; select antenna m in A, and map the (dl + 1)th
video layer to antenna m;
4: update A
5: dlm  dl þ 1
6: obtain a new problem Prob lm;
7: end while
Bounding:
1: solve all the partition Probs lm to get solution Alm
and bounds UBlm and LBlm ;
2: remove Prob l from problem list S;
3: for each m do
4: if LBlm 6 UB1þe then
5: add Prob lm into problem list S;
6: end if
7: end for
8: if S ¼¼£ then
9: stop;
10: else
11: goto the Iteration & Pruning procedure;
12: end if
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In this section, we present illustrative simulation re-
sults to show how the proposed channel scheduling
scheme is able to achieve UEP, and how TBCS ﬁnds the glo-
bal solution with much lower complexity than exhaustive
search method. In order to evaluate both the effectiveness
and efﬁciency of our proposed scheme and algorithm, we
have compared them with exhaustive search method,
which always achieves the optimumwith the highest com-
putation complexity. Besides, we have also compared them
with Min–Max channel scheduling scheme (which selects
antennas in the ascending order of the maximal PER of
each row in matrix BLK, and the inspiration comes from
[31]) and random channel scheduling method (RCS, which
randomly assigns a transmit antenna for each video layer
and it is similar to PT MIMO [18]). The video sequences,
mobile, foreman and crew, are tested. These sequences are
selected because of their different characteristic motion
and spatial details. All test sequences are 300 frames with
a frame rate of 30 fps and encoded by the JSVM reference
encoder [4] to generate an embedded scalable video
stream with eight layers.
We assume that the channel conditions of the users are
independent. For user k (1 6 k 6 K), the MIMO channel is
under independent Rayleigh fading, and elements in chan-
nel matrix Hk are obtained from Clarke and Jakes’ model
[32]. Noise vector fk is from i.i.d. Gaussian collection with
zero mean, independent real and imaginary parts, with
variance r2. Equal power is allocated to each transmit an-
tenna and 16-QAM is used for modulation. Also, RS codes
[33] are adopted to protect the transmitted bit streams
since it maintains maximum erasure protection while pro-
duces a minimum of redundancy. We allocate the same
channel codes for all video layers. Although unequal power
allocation and channel coding can also achieve UEP, these
methods are beyond the scope of this paper. In this paper,
we focus on achieving UEP only through channel schedul-
ing and it can be easily incorporated into these existing
UEP schemes. For the detection of transmitted video sig-
nals, linear ZF receivers [34] are adopted.1 2 3 4 5 6 7 8
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Fig. 4. Complexity performance. The iterations of exhaustive search
method and TBCS with different e versus the number of video layers L. The
number of antennas Mt = 4, the number of users K = 50, average
SNR = 20 dB.5.1. Complexity analysis
We conduct experiments to show the computational
complexity of TBCS versus exhaustive search method. The
number of iterations is adopted as the comparison crite-
rion. Fig. 4 illustrates the iterations of both exhaustive
search method and TBCS under different number of video
layers with the number of transmit antennas Mt = 4. The
ﬁgure shows that exhaustive search method always has
higher iterations than TBCS. In order to ﬁnd the global opti-
mal solution, exhaustive search method has to search the
whole solution space, whose space size is MLt . While the
computational complexity of TBCS is mainly depending
on the tightness of both the upper and lower bounds,
branching and pruning techniques, and parameter e. Their
effectiveness is demonstrated through simulation results
in the next subsections. In the case that e = 0, TBCS ﬁnds
the optimal solution, but it has much lower complexitythan exhaustive search method, this also demonstrates
the efﬁciency of TBCS.
From this ﬁgure, we also ﬁnd that the iterations gap be-
tween exhaustive search method and TBCS is becoming
bigger as L increases. This is mainly because that in
exhaustive search method, the number of iterations is only
depending on the number of video layers when Mt is con-
stant, and it is increasing exponentially. While in TBCS, the
video layers have been mapped to antennas orderly. Thus,
when some important video layers (base layer and some
relative low enhancement layers) are mapped to antennas
with very poor channel quality, many nodes would be
pruned from the branch and bound tree through the pruning
procedure. This greatly reduces the searching space and
computational complexity.5.2. BER performance
We then compare both the short-term and long-term
average BER of different schemes. The number of transmit
antennas is four and the number of video layers is eight in
the simulations. Elements in channel matrix Hk are ob-
tained from Clarke and Jakes’ model [32]. For purpose of
clarity, the parameter e is set to zero in TBCS, and we only
plot the average BER of four layers (the lowest two layers
and the highest two layers, i.e., the base layer, enhance-1,
enhance-6 and enhance-7) of different schemes in this
subsection.
The short-term average BER of video layers with aver-
age SNR = 20 dB is illustrated in Fig. 5. The ﬁgures clearly
demonstrate that the short-term average BER is timely
ﬂuctuated from 106 to 100. Thus, video layers should be
mapped to different transmit antennas according to their
importance. Specially, in order to protect base-layer bit
stream during bad status, mapping it to the best antenna
is indispensable. In RCS scheme, all video layers are treated
equally and mapped to transmit antennas randomly. The
average BER of all video layers are ﬂuctuated from 106
to 100 as Fig. 5(a) shows, and UEP is not achieved. The
Min–Max scheme assigns the antennas to video layers in
the ascending order of the maximal PER of each row in ma-
trix BLK [31], and the average BER of video layers is
illustrated in Fig. 5(b). The ﬁgure shows that the average
BER still does not strictly have the same order with that
of video layers’ priorities. However, when compared with
C. Zhou et al. / Computer Networks 57 (2013) 3039–3050 3047RCS, important video layers are given more protection in
some degree. For example, the average BER of the lowest
two layers is generally lower than the highest two layers.
Our proposed branch-and-bound algorithm ﬁnds the opti-
mal video-layer-antenna mapping order and Fig. 5(c)
shows its average BER results of different video layers. This
ﬁgure obviously manifests that an unequal average BER
according to the importance of bit stream is accomplished.
However, at some points, such as when t = 0.2 and t = 0.9,
the average BER of lower video layers is not always lower
than that of higher layers. This is because channel schedul-
ing is a non-linear mapping problem due to the inter-
dependence among video layers, and simply mapping vi-
deo layers to multiple antennas according to the order of
average BER is only a feasible solution. Though it cannot
guarantee the solution’s optimality, it generally achieves
much better performance than RCS. This is why we adopt
the average PER as the criterion to denote antenna’s chan-
nel quality and ﬁnd an upper bound of the average overall
distortion in TBCS, the details have been explained in
Section 4.2.
We also compare the long-term average BER of each vi-
deo layer under different SNR strength and the results are
illustrated in Fig. 6. In RCS scheme, the long-term average
BER will be converged since all the video layers are treated
equally and mapped to multiple transmit antennas ran-
domly. Fig. 6(a) demonstrates this. The ﬁgure shows that
all video layers nearly have the same average BER, and
no UEP is achieved. On the other hand, the long-term aver-
age BER performance illustrated in Fig. 6(b) shows that low
video layers have lower average BER than the high layers in
Min–Max scheme. However, the gap of the average BER
among video layers is small. It is mainly because that
Min–Max only gives more protection to important video
layers in some degree, and it cannot guarantee that opti-
mal UEP is achieved. In Fig. 6(c), we plot the long-term
average BER of TBCS. The ﬁgure clearly shows that UEP is
achieved, and the gap of the average BER among video lay-
ers is bigger than that in Min–Max scheme. When compar-
ing all the three sub-ﬁgures in Fig. 6, we can ﬁnd that the
low average BER of the important video layers (e.g. base
layer, the ﬁrst enhancement layer) is achieved by sacriﬁc-
ing the BER performance of high video layers. This is rea-
sonable in video communication since video signal
contains bits of different importance. And it is indispens-
able to protect the bits discriminatively and give more pro-
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Fig. 5. Short-term average BER of different schemes. The nu5.3. Reconstructed video PSNR performance
We conduct experiments to show the reconstructed
average overall PSNR of the decoded video sequences over
various average SNR strength and number of receivers.
Three video sequences, mobile, foreman and crew, are
tested and encoded into eight layers.
First, we evaluate the reconstructed average PSNR per-
formance over various SNR strength and the results are
illustrated in Fig. 7. The number of receivers K = 50 and
parameter e = 0. All the three ﬁgures, Fig. 7(a–c), undoubt-
edly show that the PSNR improvement is achieved by TBCS
against both RCS and Min–Max schemes. The performance
improvement is from the obtained UEP, which is achieved
by adaptive channel scheduling. Particularly, the gap of
PSNR among the schemes in the low SNR region is out-
standing since the high BER makes it indispensable to give
more protection to the important video layers. As the aver-
age SNR strength increases, the superiority of channel
scheduling becomes inconspicuous. Suppose that SNR
strength of any antenna is high enough to broadcast video
layer reliably, channel scheduling is becoming unneces-
sary. Therefore, the gap of PSNR among the schemes is very
small in the high SNR region.
We also compare the schemes under different numbers
of receiver, and the results are illustrated in Fig. 8. The
average SNR strength is 20 dB and parameter e = 0. From
the ﬁgures we ﬁnd that PSNR is decreasing as the number
of users K increases. The reason is that the heterogeneity of
channel condition is becoming considerable as the number
of users increases, and the performances of all schemes are
deteriorated. When the number of users K is large enough,
the quality differentiation among antennas is becoming
inconspicuous since each antenna is corresponding to K
subchannels, and the gap of PSNR among the schemes be-
comes small. Meanwhile, the ﬁgures also clearly show that
TBCS always performs the best, this demonstrates the
effectiveness of TBCS under various channel conditions.
We then examine the inﬂuence of parameter e on re-
ceived video quality. The video sequence, crew, is tested,
and the number of users K = 50. Fig. 10 plots the average
PSNR of the reconstructed video given different e. The ﬁgure
shows that average PSNR decreases as e increases. The rea-
son is as follows. When e = 0, TBCS ﬁnds the optimal solu-
tion and has the same PSNR performance with exhaustive
search method. When e > 0, TBCS terminates when
LBP 11þeUB as described in Section 4.5, and a (1  e)-opti-0.6 0.7 0.8 0.9 1
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Fig. 7. The reconstructed average PSNR performance of different schemes under various SNR strength. The number of users K = 50, and e = 0.
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Fig. 8. The reconstructed average PSNR performance of different schemes under various number of users. Average SNR = 20 dB, and e = 0.
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Fig. 9. The reconstructed average PSNR performance against channel estimation error. The number of users K = 50.
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of the distortion. As e increases, the algorithm converges
more quickly with higher distortion. From Fig. 4 and
Fig. 10, we can also conclude that TBCS is ﬂexible to various
applications. For example, if the applications require high
video quality, the parameter e should be set small. On the
other hand, if the applications require low delay, e can be
set big relatively.
At last, we investigate the reconstructed video PSNR
performance of TBCS against the channel estimation error.
In Fig. 9, we show the results with perfect channel matrix
Hk versus channel estimation error where Hk is estimated
by ML. Moreover, to investigate the robustness of TBCS un-
der heavy estimation error, we also plot results when we
add 15% disturbances to the feedback SNR strength. Specif-
ically, from the channel matrix, we get the SNR strength of
each antenna according to Eq. (2). Then, each of the SNR
strength cik is disturbed by randomly adding a noise, and
the noise is a variable randomly selected from the range
of [0.15  cik,0.15  cik]. At last, the performance of RCS
is illustrated as the benchmark. The ﬁgures show that
when channel matrix is estimated by ML, the PSNR perfor-
mance is very close to the case when channel matrix is
known perfectly. This demonstrates the effectiveness of
our proposed scheme and algorithm in practical applica-
tions. When the estimation error is heavy which is simu-
lated by adding 15% disturbances to the feedback SNR
strength in our experiments, the PSNR is close to RCS, but
it is never worse than RCS. This is because when the esti-
mation error is too big, it provides little useful information
for optimizing channel scheduling and the channel sched-
uling result is similar to RCS. This demonstrates the robust-
ness against channel estimation error.6. Conclusion
In this paper, we have investigated the channel schedul-
ing problem for scalable video broadcasting over MIMO
wireless networks. According to the feedback SNR
strength, the scalable video layers are periodically sched-
uled among multiple antennas. We formulate it into a
non-linear combinatorial optimization problem. Thecomputational complexity is very high by using exhaustive
search method. Instead, by adopting the branch-and-
bound framework, an efﬁcient low-complexity channel
scheduling algorithm is proposed. Moreover, at the ex-
pense of performance loss, the complexity is further re-
duced by relaxing termination condition of TBCS, and a
(1  e)-optimal solution is produced. Our proposed scheme
is very ﬂexible that UEP is achieved only by switching the
video layers among multiple antennas. It can be easily
incorporated into most of the existing UEP video transmis-
sion schemes. At last, simulation results demonstrate both
the effectiveness and efﬁciency of our proposed scheme
and algorithm.
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Appendix A
Proof. In unicast, assuming that there are L video layers
and L transmit antennas, we then denote Pi as the PER of
ith transmit antenna, and assume that the PERs satisfy
P1 < P2    < PL. We also deﬁne G ¼ ½G½1	;G½2	; . . . ;G½L		 as the
video-layer-antenna mapping order, which denotes that
ith video layer is mapped to G½i	th antenna. According to
Proposition 1, when G½i	 ¼ ið81 6 i 6 LÞ, the minimum
video transmission distortion can be obtained:
D ¼
XL
i¼1
wi  1
Yi
s¼1
ð1 PsÞ
 !
ðA:1Þ
We prove Proposition 1 through proof by contradiction.
Assume that there exists another mapping order
G0 ¼ ½G0½1	;G0½2	; . . . ;G0½L		, whose corresponding distortion,
D0, is smaller than D⁄, i.e., G0½i	– i & D0 < D; 91 6 i 6 L.
Then the distortion D0 is written as:
D0 ¼
XL
i¼1
wi  1
Yi
s¼1
1 PG0½s	
  ! ðA:2Þ
Then
DD ¼ D  D0 ¼
Yi
s¼1
ð1 PG0½s	Þ 
Yi
s¼1
ð1 PsÞ 6 0 ðA:3Þ
Above inequality comes from that in
Qi
s¼1ð1 PsÞ;
Psð81 6 s 6 iÞ is sth smallest PER of all transmit antennas,
so
Qi
s¼1ð1 PsÞ is always no smaller than
Qi
s¼1ð1 PG0 ½s	Þ.
Then we derive that DD 6 0, i.e., D 6 D0.
Moreover, if and only if
Yi
s¼1
ð1 PG0½s	Þ ¼
Yi
s¼1
ð1 PsÞ; 81 6 i 6 L ðA:4Þ
3050 C. Zhou et al. / Computer Networks 57 (2013) 3039–3050the inequality takes the equal sign, i.e., D0 ¼ D, and
G0½i	 ¼ i; 81 6 i 6 L. This is contradictory with the assump-
tion that G0½i	 – i & D0 < D; 91 6 i 6 L. Therefore, we con-
clude Proposition 1 is correct. hReferences
[1] P.W. Wolniansky, G.J. Foschini, G.D. Golden, R.A. Valenzuela, V-
BLAST: an architecture for realizing very high data rates over the
rich-scattering wireless channel, in: IEEE Int. Symp. on Signals, Syst.
Electron., 1998, pp. 295–300.
[2] D. Gesbert, M. Shaﬁ, D. shan Shiu, P. Smith, A. Naguib, From theory to
practice: an overview of MIMO space-time coded wireless systems,
IEEE J. Sel. Areas Commun. 21 (3) (2003) 281–302.
[3] T. Wiegand, G. Sullivan, J. Reichel, H. Schwarz, M. Wien, Joint Draft of
SVC Amendment, Joint Video Team (JVT), Doc. JVT-W201.
[4] H. Schwarz, D. Marpe, T. Wiegand, Overview of the scalable video
coding extension of the H.264/AVC standard, IEEE Trans. Circ. Syst.
Video Technol. 17 (9) (2007) 1103–1120.
[5] M.K. Jubran, M. Bansal, L.P. Kondi, Low-delay low-complexity
bandwidth-constrained wireless video transmission using SVC over
MIMO systems, IEEE Trans. Multimedia 10 (8) (2008) 1698–1707.
[6] D. Song, C.W. Chen, Scalable H.264/AVC video transmission over
MIMO wireless systems with adaptive channel selection based on
partial channel information, IEEE Trans. Circ. Syst. Video Technol. 17
(9) (2007) 1218–1226.
[7] Y.P. Fallah, H. Mansour, S. Khan, P. Nasiopoulos, H.M. Alnuweiri, A
link adaptation scheme for efﬁcient transmission of H.264 scalable
video over multirate WLANs, IEEE Trans. Circ. Syst. Video Technol. 18
(7) (2008) 875–887.
[8] S.M. Alamouti, A simple transmit diversity technique for wireless
communications, IEEE J. Sel. Areas Commun. 16 (8) (1998) 1451–
1458.
[9] V. Tarokh, H. Jafarkhani, A.R. Calderbank, Space-time block coding for
wireless communications: performance results, IEEE J. Sel. Areas
Commun. 17 (3) (1999) 451–460.
[10] G.J. Foschini, Layered space-time architecture for wireless
communication in a fading environment when using multi-
element antennas, Bell Labs Tech. J. (1996) 41–59.
[11] G. Caire, S. Shamai, On the achievable throughput of a multiantenna
Gaussian broadcast channel, IEEE Trans. Inf. Theory 49 (7) (2003)
1691–1706.
[12] M. Costa, Writing on dirty paper, IEEE Trans. Inform. Theory 29
(1983) 439–441.
[13] H. Sato, An outer bound on the capacity region of broadcast channel,
IEEE Trans. Inform. Theory 24 (1978) 374–377.
[14] S. Vishwanath, N. Jindal, A. Goldsmith, On the capacity of multiple
input multiple output broadcast channels, IEEE Int. Conf. Commun. 3
(2002) 1444–1450.
[15] Y. Yang, On the capacity of maximum selection in MIMO multicast
network, IEEE Conf. on Comput. Commun. (2008) 1–5.
[16] J. Xu, S.-J. Lee, W.-S. Kang, J.-S. Seo, Adaptive resource allocation for
MIMO-OFDM based wireless multicast systems, IEEE Trans.
Broadcast. 56 (1) (2010) 98–102.
[17] A.M.C. Correia, J.C.M. Silva, Nuno M. B Souto, et al., Multi-resolution
broadcast/multicast systems for MBMS, IEEE Trans. Broadcast. 53 (1)
(2007) 224–234.
[18] H. Zheng, K.J.R. Liu, Space-time diversity for multimedia delivery
over wireless channels, IEEE Int. Symp. Circ. Syst. 4 (2000) 285–288.
[19] J. Xu, R. Hormis, X. Wang, MIMO video broadcast via transmit-
precoding and SNR-scalable video coding, IEEE J. Sel. Areas Commun.
28 (6) (2010) 456–466.
[20] G. Caire, S. Shamai, On the achievable throughput of a multi-antenna
Gaussian broadcast channel, IEEE Trans. Inf. Theory 49 (7) (2003)
1691–1706.
[21] J. Xu, R. Hormis, X. Wang, Scalable video multicast on broadcast
channels, IEEE Global Telecommun. Conf. (2009) 1–8.
[22] Y. Yang, On the capacity of maximum selection in MIMO multicast
network, IEEE Conf. Comput. Commun. (2008) 1–5.
[23] C. Bilen, E. Erkip, Y. Wang, Layered video multicast using diversity
embedded space time codes, IEEE Int. Symp. Sarnoff (2009) 1–5.
[24] H. Xiao, Q. Dai, X. Ji, W. Zhu, A novel JSCC framework with diversity-
multiplexing-coding gain tradeoff for scalable video transmission
over cooperative MIMO, IEEE Trans. Circ. Syst. Video Technol. 20 (7)
(2010) 994–1006.[25] C.-H. Kuo, C.-M. Wang, J.-L. Lin, Cooperative wireless broadcast for
scalable video coding, IEEE Trans. Circ. Syst. Video Technol. 21 (6)
(2011) 816–824.
[26] B. Hassibi, B. Hochwald, How much training is needed in multiple-
antenna wireless links?, IEEE Trans Inf. Theory 49 (4) (2003) 951–
963.
[27] E. Biglieri, J. Proakis, S. Shamai, Fading channels: information-
theoretic and communications aspects, IEEE Trans. Inform. Theory
44 (6) (1998) 2619–2692.
[28] E. Biglieri, R. Calderbank, A. Constantinides, A. Goldsmith, A. Paulraj,
H.V. Poor, MIMO Wireless Communications, Cambridge Univ. Press,
Cambridge, UK, 2007.
[29] C. Zhou, X. Zhang, Z. Guo, A novel JSCC scheme for scalable video
transmission over MIMO systems, IEEE Int. Image Process. (2012)
2277–2280.
[30] H. Mansour, Y. Fallah, P. Nasiopoulos, V. Krishnamurthy, Dynamic
resource allocation for MGS H.264/AVC video transmission over
link-adaptive networks, IEEE Trans. Multimedia 11 (8) (2009) 1478–
1491.
[31] D. Lu, D.K.C. So, Performance based receive antenna selection for V-
BLAST systems, IEEE Trans. Wireless Commun. 8 (1) (2009) 214–225.
[32] R.H. Clarke, A statistical theory of mobile-radio reception, Bell Syst.
Tech. J. 47 (1968) 957–1000.
[33] S. Lin, D.J. Costello, Error Control Coding-Fundamentals and
Applications, Prentice-Hall, Englewood Cliffs, NJ, 1983.
[34] A. Paulraj, R. Nabar, D. Gore, Introduction to Space-Timewireless
Communications, Cambridge Univ. Press, Cambridge, UK, 2003.
Chao Zhou received the Bachelor’s degree
from Institute of Electronic Information &
Control Engineering, Beijing University of
Technology, Beijing, China, in 2009. He is
currently a Ph.D. student in Peking University,
Beijing, China. His current research interests
include Error Protection for Video Communi-
cations, MIMO Communications and Wireless
Streaming.Xinggong Zhang received the Ph.D degree in
computer science from Peking University,
Beijing, China, in 2011. He is currently an
Associate Professor at Peking University, Bei-
jing, China. His current research interests
include video communication, multimedia
networking and optimization.Zongming Guo received the Ph.D degree from
Department of Computer Science, Peking
University, Beijing, China, in 1994. He is now a
professor of Institute of Computer Science &
Technology, Peking University. His current
research interests include video code/decode,
scalable video code, video communication,
image processing.
